A data set of 412 olfactory compounds, divided into animal, camphoraceous, ethereal 
INTRODUCTION
Flavor and odor remain permanent challenges in academic and industrial research. The economic impact of the olfactory field explains the large number of papers involving data analysis methods to process sensorial and experimental measurements (Rossiter, 1996; Chastrette, 1998; Kermani, Schiffman & Nagle, 1999; de Mello Castanho Amboni, da Silva Junkes, Yunes & Heinzen, 2000) . However, odor evaluation by man represents a special field of research, whose specific difficulties need to be overcome to lead to robust results. The multiplicity of factors involved in the olfaction biological process prevents the derivation of efficient predictive mathematical models. Four points mainly define this complexity (Chastrette & Zakarya, 1991; Buck & Axel, 1991; Malnic, Hirono, Sato & Buck, 1999) :
(i) a huge number of receptors is involved in olfaction; (ii) knowledge related to the 3D structure of these receptors is still missing; (iii) different types of chemical compounds can affect the same receptor; (iv) one compound can exhibit simultaneously different odors.
Furthermore, the importance of fuzziness linked to the expert's subjectivity has to be considered. Much progress has been made in the knowledge of physiological and psychological factors influencing the expert's olfaction evaluation (Manley, 1993; Qureshy, Kawashima, Imran, Sugiura, Goto, Okada et al., 2000) , but it is not sufficient to clearly discriminate between objectivity and subjectivity in the characterization exhibited by panels of experts.
All these factors prevent the direct transposition of advances in Chemometrics and Molecular Modeling in Medicinal Chemistry (Van de Waterbeemd, 1995; Kubinyi, Folkers & Martin, 1998) into the field of olfaction. Nevertheless, the use of multivariate data analysis approaches can play an important part to improve the knowledge of the molecular descriptor role in olfaction and, then, the implementation of robust mathematical models. Traditional pattern recognition procedures, like Principal Component Analysis (PCA) (Niemi, 1990) , Discriminant Analysis (DA) (Hubert, 1994) , and Cluster Analysis (Kaufman & Rousseeuw, 1990) , and methods pertaining to the field of Artificial Neural Networks, like Back Propagation Neural Networks (BPNN) (Hecht-Nielsen, 1989 ) or Kohonen Self-Organizing Maps (SOM) (Kohonen, 2001) , are been widely used in the development of several electronic noses (Gardner, Hines & Wilkinson, 1990; Moriizumi, Nakamoto & Sakuraba, 1992; Keller, 1999) and in data analysis of olfactory data sets (Ham & Jurs, 1985; Chastrette, Cretin & Aidi, 1996) . These approaches offer different possibilities and objectives. PCA can be considered as being only a projective technique. It is worth using this method when clusters or classes can be visually delineated. DA is really a discriminant technique as it aims to find linear relations in the molecular descriptor hyperspace able to separate different compound categories included in the data set. Both methods, PCA and DA, work correctly if the compounds, belonging to different classes, are grouped in well separated regions, but, in more complex distributions, their classification power becomes poor.
Cluster Analysis offers a first solution to this problem. It consists of obtaining self partitioning of the data, in which each cluster can be identified as a set of compounds clearly delineated regarding the molecular descriptor set involved. Instead of trying to inspect all the compounds in the database to understand and analyze their chemical properties, it is only required to select typical compounds representing each cluster to get a deeper knowledge of the structure of the data base, i.e. of the distribution of the compounds in the derived hyperspace. The main problems related to this method are that:
(i) the number of clusters and the initial positions of the cluster centers can influence the final classification results; (ii) compound separation is based on a binary notion of belonging, for which a compound located between two clusters is included in only one cluster.
SOM has been considered as an alternative method to overcome the above limitations. It integrates non linearity into the data set, so as to project the molecular descriptor hyperspace onto a two-dimensional map and to preserve the original topology, as the points located near each other in the original space remain neighbors in SOM. This technique has been used to process huge amounts of data in a highdimensional space (Varfis & Versino, 1992) , but, like PCA, it remains an unsupervised projective method. Then, for predictive objectives, SOM has to be combined with another technique, generating a hybrid system that offers an automatic objective map interpretation .
Contrary to SOM, BPNN is a supervised predictive method. It is able to discriminate any non linearly separable class, relating continuous input and output spaces with an arbitrary degree of accuracy. This method, applied to several fields of chemical database analysis (Zupan & Gasteiger, 1993; Devillers, 1996) , has proved to be very efficient in modeling complex data set relationships. However, as in other Artificial Neural Networks techniques, the complexity of the modeling function often prevents extraction of relevant information suitable to explain the model and, therefore, to deliver a better understanding of biological mechanism.
Fuzzy concepts introduced by Zadeh (1977) provide interesting alternative solutions to the classification problems within the context of imprecise categories, in which olfaction can be included. In fact, fuzzy classification represents the boundaries between neighboring classes as a continuous, assigning to compounds a degree of membership of each class. It has been widely used in the field of process control, where the idea is to convert human expert knowledge into fuzzy rules (Hathaway, Bezdek & Pedrycz, 1996) , and it should be able to extract relevant structure-activity relationships (SAR) from a database, without a priori knowledge.
The aim of this work is to apply a Fuzzy Logic procedure, that we called Adaptive Fuzzy Partition (AFP), to a chemical database derived from olfactory studies (Arctander, 1960; Arctander, 1969) , in order to develop a predictive SAR model. The database included 412 compounds associated with an odor appreciation defining the presence or the absence of 4 different olfactory notes. A set of 61 molecular descriptors was examined and the most relevant descriptors were selected by a procedure derived from the Genetic Algorithm concepts (Haupt & Haupt, 1998) .
MATERIALS AND METHODS

Compound selection
A database derived from the Arctander's books (Arctander, 1960; Arctander, 1969) , including 2620 compounds and 81 olfactory notes, was submitted to a PCA analysis, in order to determine a reduced subset of compounds representing very weakly correlated odors. The relative results allowed to determine a data set of 412 olfactory compounds homogeneously distributed in four classes: animal, camphoraceous, ethereal and fatty odors.
Molecular descriptors
The reduced data set was distributed in a 61 multidimensional hyperspace derived from a selected set of 61 molecular descriptors. This descriptor set includes topological (Kier & Hall, 1986; Sabljic, 1990) , physico-chemical and electronic parameters (Dearden, 1990) . In virtual screening, general descriptors have proved a good compromise, from an efficiency point of view, for data mining in large databases. The advantage of these descriptors is their ability to take into account not only the main structural features of each molecule, but also their global behaviors. Then, they should be able to take simultaneously into account the complexity of the olfaction mechanism and the approximation of the odor scale.
Molar refractivity (MR), molar volume (MV) molecular weight (MW) and Van Der Waals volume (VdWV) were used as size descriptors. The shape features of the molecules were characterized by topological indices which account for the ramification degree, the oblong character, etc. The following molecular descriptors were used: 20 molecular connectivity indices (
, counts of paths of lengths 1-4, counts of vertices with 1-4 nearest neighbors. The number of N, O and S atoms in a molecule was also considered. A lipophilicity descriptor represented by the octanol/water partition coefficient (log P oct/water ) was calculated using the Hansch and Leo method (Hansch & Leo, 1979) . Another descriptor was derived from the electronegativity of molecules (E M S ) by the Sanderson method (Sanderson, 1976) .
Descriptor selection
To select, amidst the 61 descriptors, the best parameters for classifying the data set compounds, a method based on Genetic Algorithm (GA) (Haupt & Haupt, 1998; Ros, Pintore & Chretien, 2001 ) concepts was used.
GA, inspired by population genetics, consists of a population of individuals competing on the basis of natural selection concepts. Each individual, or chromosome, represents a trial solution to the problem to be solved. In the context of descriptor selection, the structure of the chromosome is very simple. Each descriptor is coded by a bit (0 or 1) and represents a component of the chromosome. 0 defines the absence of the descriptor, 1 defines its presence. The algorithm proceeds in successive steps called generations. During each generation, the population of chromosomes evolves by means of a "fitness" function (Davis, 1991) , which selects them by standard crossover and mutation operators (Kinnear, 1994) . The crossover phase takes two chromosomes and produces two new individuals, by swapping segments of genetic material, i.e. bits in this case. Within the population, mutation removes the bits affecting a small probability.
Genetic algorithms are very effective for exploratory search, applicable to problems where little knowledge is available, but it is not particularly suitable for local searches. In the latter case, it is combined with a stepwise approach in order to reach local convergence (Ros, Guillaume, Rabatel & Sevila, 1995) . Stepwise approaches are quick and are adapted to find solutions in "promising" areas that have been already identified.
To evaluate the fitness function, a specific index was derived by using a fuzzy clustering method . Furthermore, to prevent over-fitting and a poor generalization, a cross validation procedure was included in the algorithm during the selection procedure, by randomly dividing the database into training and test sets. The fitness score of each chromosome is derived from the combination of the scores of the training and test sets.
The following parameters were used in the data processing of the data set of 412 olfactory compounds: 
Adaptive Fuzzy Partition
AFP is a supervised classification method implementing a fuzzy partition algorithm (Lin & Cunninghan, 1994) . It models relations between molecular descriptors and chemical activities by dynamically dividing the descriptor space into a set of fuzzy partitioned subspaces. In a first phase, the global descriptor hyperspace is considered and cut into two subspaces where the fuzzy rules are derived. These two subspaces are divided step by step into smaller subspaces until certain conditions are satisfied, namely when:
(i) the number of molecular vectors within a subspace attains a minimum threshold number; (ii) the difference between two generated subspaces is negligible in terms of chemical activities represented; (iii) the number of subspaces exceeds a maximum threshold number.
The aim of the algorithm is to select the descriptor and the cut position which allows the maximal difference between the two fuzzy rule scores generated by the new subspaces to be determined. The score is defined by the weighted average of the chemical activity values in an active subspace A and in its neighboring subspaces. If the number of trial cuts per descriptor is defined by N_cut, the number of trial partitions equals (N_cut + 1)N. Only the best cut is selected to subdivide the original subspace.
All the rules created during the fuzzy procedure are considered to establish the model between descriptor hyperspace and biochemical activities. Indicating with P(x 1, ... x n ) a molecular vector in a n dimensional descriptor hyperspace, a rule for a subspace S k is defined by (Sugeno & Yasukawa, 1993) : if x 1 is associated with µ 1k (x 1 ) and x 2 with associated to µ 2k (x 2 ) … and x N is associated with µ Nk (x N ) ⇒ the score of the activity O for P is O kP ,
where x i represents the value of the i th descriptor for the molecule P, µ ik is the membership function related to the descriptor i for the subspace k, and O kP is the biochemical activity value related to the subspace S k . The "and" of the fuzzy rule is represented by the Min operator (Dubois & Prade, 1990 ) and the membership functions are defined by trapezoidal shapes. These latter functions are based on the boundaries of the subspaces. If the width of a subspace S k on the i th dimension, after each cut, is represented by w i , the p and q parameters defining the shape of the trapezoid are calculated by p = λ i w i and q = ν i w i
where the parameters λ i and ν i vary so that p ≥ 1 and q ≤ 1. If p = 1 and q = 1, the membership function becomes a rectangle.
The global score in the subspace S k can be represented by
M is the number of molecular vectors in a given subspace, N is the total number of descriptors,
is the fuzzy membership function related to the descriptor i for the molecular vector P j , and A Pj is the experimental activity of the compound P j . A classic centroid defuzzification procedure (Gupta & Qi, 1991 ) is implemented to determine the chemical activity of a new test molecule. All the subspaces k are considered and the general formula to compute the score of the activity O for a generic molecule Pj is
where N_subsp represents the total number of subspaces.
The following parameters were used to process the data set of 165 pesticide compounds: maximal number of rules for each chemical activity = 35; minimal number of compounds for a given rule = 4; number of cutting for each axis = 4; p = 1.2 and q = 0.8.
RESULTS AND DISCUSSION
Descriptor selection
Four relevant descriptors were selected by the GA procedure:
, NV 2 and VES. The first three descriptors correspond to topological indices encoding information about molecular structure (Kier & Hall, 1986 ). Descriptor 5 χ p is a simple molecular connectivity χ index of order 5, in which 5 bonds in the fragment molecule are considered in a path arrangement. All the atoms are considered to be carbon atoms.
3 χ v c is a valence molecular connectivity χ index of order 3, in which 3 bonds are considered in a cluster arrangement. The values for non-carbon heteroatoms are computed differently regarding the values for identically connected carbon atoms. NV 2 , number of vertices of degree 2, corresponds to the number of hybrid groups with two bonded neighbors.
Finally, VES, an electronic index, represents the variance of electronegativity computed by the Sanderson method (Sanderson, 1976) .
AFP model
The AFP model was established on the training set compounds, defining four molecular descriptor -odor relationships, one for each olfactory note. The number of rules implemented in each relationship was dependent on the complexity of the compound distribution regarding a given odor. The animal, camphoraceous, ethereal and fatty odors were respectively represented by seventeen, eighteen, fourteen and twenty-four rules. The number of rules concerning the fatty odor shows that the corresponding relationship was the most difficult to establish. A possible explanation could be found in the fact that only complex combinations of molecular descriptors can represent the distribution of the ethereal compounds, so requiring a high number of rules. Another one can be related to the cutting procedure performed by the algorithm. But this hypothesis is less probable as a different number of cuts, 3, 4 and 5 per axis, leads to similar results.
An example of a rule defining a subspace for the ethereal class is represented by the following definition: These first results underline a most important ability of the AFP method, its capacity to solve such complex problems as olfaction, transcribing the molecular descriptor -activity relationships into simple rules that are directly related to the selected descriptors. The contribution of the GA procedure is obviously fundamental: it reduces the amount of information in the input step, making it easier to determine and interpret the model in the following steps.
Model validation
The AFP model was validated by attempting to predict the olfactory notes of the 102 test compounds. For each compound, the method allows the degrees of membership of the different odors to be determined within a 0 to 1 range. The comparison between predicted and experimental values for all the test set compounds is reported in Table 1 . A very good agreement between membership degrees and experimental olfactory scores was found for several compounds. The main olfactory note was correctly predicted for 85 % of the compounds. Amidst the 15 wrong predictions, typed out in bold in Table 1 , only 11 were a complete miss, the remaining 4 molecules were weakly predicted. In Table 2 , the validation ratios, the Root Mean Square (RMS) errors and the correlation coefficients for each class and for all the molecules are reported. RMS error is calculated by the formula:
where N is the total number of molecules, and exsc(i) and prsc (i) represent the experimental and predicted scores for molecule i, respectively.
Considering the complexity of the olfactory field, the prediction power of the model is good. Furthermore, the errors and the correlation coefficients could probably be improved if the experimental scores were not limited to values 0 and 1, but included in the range [0,1]. The statistical criteria concerning the training set are reported in Table 2 . They show that the prediction values for the training and test sets are comparable, demonstrating the robustness and generalized behavior of the proposed model. In fact, the AFP method includes the possibility of errors for training set compounds, as it memorizes the main characteristics of the compound distribution without considering all the details. Using the same original experimental data, the only way to increase the classification power consists in adding new relevant descriptors; improving model performance for the training set by adding further rules is useless, as the test set compounds are not better predicted.
CONCLUSION
Data Base Mining (DBM) algorithms, based upon molecular diversity analysis, are becoming a must for pharmaceutical companies in the search for new leads. They allow the automated classification of chemical databases, but the huge amounts of information provided by the large number of molecular descriptors tested is difficult to exploit. Then, new tools have to be developed to give a user-friendly representation of the compound distribution in the descriptor hyperspace.
Furthermore, the difficulty of data mining in olfaction databases is amplified by the fact that one compound can have different odors and its activity is usually expressed in a qualitative way. Another source of complexity derives from the fact that one receptor can recognize different chemical determinants and the same compound can be active on different receptors.
Fuzzy logic methods, developed to mimic human reasoning in its ability to produce correct judgements from ambiguous and uncertain information, can provide interesting solutions in the classification of olfactory databases. In fact, these techniques should be able to represent the "fuzziness" linked to an expert's subjectivity in the characterization of the odorous notes, computing intermediate values between absolutely true and absolutely false for each olfactory category. These values are named degrees of membership and are ranged between 0.0 and 1.0.
In this work, a new procedure, the Adaptive Fuzzy Partition (AFP) algorithm, was applied to a data set of 412 olfactory molecules, divided into animal, camphoraceous, ethereal and fatty compounds. This method consists of modeling molecular descriptor -activity relationships by dynamically dividing the descriptor hyperspace into a set of fuzzy subspaces. A large number of molecular descriptors was tested and the best ones were selected with help of an innovative procedure based on Genetic Algorithm concepts. The ability of the proposed tool to model the 4 olfactory classes was validated after separating the 412 compounds into a training set and a test set, including 310 and 102 molecules, respectively. The main experimental olfactory notes were predicted correctly for 83% of the test set compounds. Furthermore, the method showed its ability to lead to generalist models and simple rules describing SAR relationships. These preliminary results show that the proposed methods are worth investigating more thoroughly and testing with a large chemical database. Work is underway to entirely exploit the database derived from the Arctander's books, which involves a sensible increase in the number of compounds and complex olfactory notes to be treated.
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